L ow vision impacts Quality of Life (QoL). Low vision services have shown to be effective in increasing the QoL in people with functional low vision. However, of the estimated 70 million of the 124 million people with low vision who require services, 1 approximately 5-10% were estimated to have access to care. 2, 3 The demands for low vision services will continue to grow due to the emerging global trends in ageing populations and changes in the epidemiology of vision impairment. 4, 5 Consequently, to address the current and future needs of low vision services, a global mapping survey of services was conducted. The aims of the survey were to map the low vision services provided in each country and identify the critical success factors in the coverage of low vision services. However, due to missing data, which is a common issue with postal surveys, Critical Success Factors (CSF) were more challenging to investigate. 2, 6 This is because missing data generates problems when using traditional regression modeling methods such as logistic regression.
Initially logistic regression was used to identify the critical factors. Only two variables were detected, with only one variable showing statistical significance. These findings were affected by the amount of missing data; for instance, not every country had data or collected data on the main outcomecoverage-and not every question in the survey was answered, such as the numbers of low vision health professionals in the country. Thus many countries were automatically excluded. As logistic regression does not allow full exploration of the data, an alternative method was sought. Hence the Classification Analysis and Regression Tree methodology (CART) was used to overcome some the limitations associated with the missing data using logistic regression.
The CART technique creates subgroups that have better predictive ability, equivalent sensitivity, and better specificity with common demographic and risk predictors. 7 It is also less restrictive with parametric assumptions. 8 Furthermore, variables in real-world settings seldom have straightforward linear relationships with important health outcomes; nonparametric techniques such as the CART are therefore better able to identify these complex relationships. 7 The CART can perform well with many missing variables. 9, 10 The CART is also able to detect interactions and is not easily affected by multicollinearity between variables compared to other regression modeling techniques. 9 The objective of this study is to therefore apply the CART to predict the most important factors associated with better coverage of low vision services that will assist the International Agency for the Prevention of Blindness (IAPB) Low Vision Working Group and Vision 2020 in improving the current models of service delivery, future planning, training, and priority setting.
METHODS

Survey Development, Distribution, and Follow Up
Details of the survey have been described previously. 2 Briefly, a survey was carried out that consisted of 33 
Dependent Variable
Coverage of services was the dependent variable. It is defined as the proportion of people with low vision using low vision services. A country with better coverage is one that has Ͼ10% of those requiring services who access low vision services, while poor coverage is defined as those countries with Յ10%. The 10% cutoff point was used as the criterion for service coverage because previous estimates indicated that very few countries had Ͼ10% low vision service coverage (2001 WHO workshop). 3 Nonetheless, other cutoff points such as 20%, 30%, and 50% were explored with the CART methodology. However, these produced insignificant outputs as only a very small number of countries had Ͼ10% coverage. For instance, only eight countries reported Ͼ50% coverage.
Independent Variables
The independent variables were factors judged to be critical in the delivery of low vision care, hence the term 'critical factors. ' The factors were categorized into two groups.
• Service-related (Table 1) , are from the items of the survey that had been sourced from the social determinants of health, 12 appraisal of past and current models of low vision service delivery, and barriers facing service provision. 13 • Socioeconomic and demographic variables (Table 2) , were secondary data drawn from the WHO, 1, 14, 15 Vision 2020, 16 United Nations (UN), 17 and the World Bank. 18 These variables were included to represent the broader health care system in which low vision services operate and assessed to determine whether they influence the coverage of low vision services.
To reduce the risk of including too many critical factors into the model, resulting in data dredging, 19 the authors consulted low vision experts and reviewed the literature. Only the most relevant socioeconomic and demographic-related variables were included into the CART model. 20 For instance, in cases where two variables were related to the same topic, only one would be included in the model, e.g., information and communication technologies policy and information and communication technologies access. The latter was selected, as 'access' was an integral part of service coverage.
CART Analysis
CART analysis was conducted using commercial analysis software (SPSS v. 17.0; SPSS, Chicago, IL). The outcome variable-coveragehad either a value of 0 (poor coverage Յ10%) or 1 (better coverage Ͼ10%). CART constructed a tree that separated the data in the most appropriate or 'best' way by finding binary splits on variables and the best splitting point at each stage. The decision rule was determined by the Gini criterion, a measure of variability within the new subgroups. 21 The 2 Automatic Interaction Detection (CHAID) 'growing' method was applied to identify the independent variables that exhibited the strongest interaction with the outcome, coverage. 22 Other growing methods were also tested to identify which produced the best model fit (e.g., Exhaustive CHAID-a modification of CHAID that examines all possible splits for each predictor; QUEST [Quick, Unbiased, Efficient Statistical Tree])-a method that is fast and avoids other methods' bias in favor of predictors with many categories; and CRT [Classification and Regression Trees]-which split the data into segments that are as homogeneous as possible with respect to the dependent variable coverage). Homogeneous, also known as a 'pure' node, is a terminal node in which all cases have the same value for the dependent variable. 22 However, none of the other methods were able to achieve a higher predictive model performance percentage than CHAID.
The following criteria were specified in the CHAID growing method to produce the CART model ( Fig. 1) 22 : A Յ0.05 significance level for splitting nodes and merging categories and the likelihood ratio was calculated as the 2 statistic for determining node splitting and category merging. This method was the most suitable given the sample size (n ϭ 131). The tree-growing criterion to control the number of levels in the tree and the minimum number of cases for parent (the root) and child nodes (branches) was limited to three levels to control the maximum number of levels of growth beneath the parent node. 22 The minimum number of cases, which controls the minimum numbers of cases for nodes, was 10 cases for parent nodes and five cases for child nodes.
In terms of handling missing values, the CHAID growing method first generated categories using valid values, and then decided whether to merge the missing category with its most similar (valid) category or keep it as a separate category. 22 Finally, a classification table is displayed. This table indicates the overall predictive performance of the model (i.e., percentage of countries correctly classified with respect to each category of the dependent variable coverage) as well as the sensitivity and the specificity. Sensitivity is defined in this study as the proportion of countries with poor coverage (Ͻ10%) that are correctly classified as such. Specificity measures the proportion of countries with good coverage (Ͼ10%) that are identified not to have poor coverage.
Validation was carried out on the CART output ( Fig. 1 ) to assess the generalizability (how well the findings of the CART can be applied to real-world settings) of the CART structure. 22 Two validation methods were available: cross-validation and split-sample validation. 22 The cross-validation method, with a 10 sample fold was chosen. This was due to the sample size, as there were insufficient data for a separate test sample. Thirty-six service-related (Table 1 ) and 17 socioeconomic and demographic critical factors were considered (Table 2) . At first, all 53 critical factors were included in the CART. However, conflicting information was found in the following service-related critical factors: national referral guidelines for low vision services and standards of practice guidelines for low vision service. These two variables were found to have a negative impact on coverage of low vision services, where the authors had expected the reverse to be true. There may be other factors affecting these two variables and coverage that were not measured. It was determined that these two factors may not be directly linked to coverage and were thus removed from the CART analysis, leaving 51 critical factors to be included in the CART model. These two variables are an example of data dredging.
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RESULTS
Information
The critical success factors (adjusted for all service-related, socioeconomic, and demographic variables) are exemplified in the form of a decision tree by the CART (Fig. 1) : the first box at the very top of the CART tree displays the outcomecoverage. To avoid repetition, the results of one side of the outcome are shown; that is, no or poor (Յ 10%) coverage. The boxes in gray are the important predictors to the outcome. Level 1 is the most important predictor followed by levels 2 and 3. The first predictor at level 1 splits the tree roots (parent node) into three branches (child nodes) and so on. Each of these branches then becomes a parent node and splits into further branches until the CART tree stops growing and the node terminates (e.g., node 13). Each node displays: the node number, the total number of countries, and the percentage of countries with poor (Յ10%) coverage.
Six critical success factors were found by the CART to be significant predictors of coverage. The most important factor identified was the proportion of children obtaining devices when prescribed ( 2 ϭ 44.0; P Ͻ 0.0001), followed by level 2 predicators, namely percentage of population urbanized ( 2 ϭ 14.5; P ϭ 0.002), monodisciplinary versus multidisciplinary care ( 2 ϭ 4.7; P ϭ 0.03), and the number of rehabilitation workers per 10 million of population ( 2 ϭ 4.5; P ϭ 0.034). The third level predictors included private expenditure on health as percentage of total expenditure on health ( 2 ϭ 14.6; P ϭ 0.015) and fully funded by government ( 2 ϭ 6.0; P ϭ 0.014).
In the first branch, where there are a higher percentage of children obtaining devices but less urbanization (most people in many countries live in rural areas), the proportion of countries with poor coverage is 78.9%. Furthermore, if countries have either lower (Յ35.5%) or higher (Ͼ43.6%) private expenditure on health, then the proportion of countries with poor coverage is both 100%. This denotes that countries with the above characteristics will have poor coverage of low vision services. Examples of countries in these nodes included Guyana, the Gambia, Croatia, India, Guatemala, and the Dominican Republic. On the other hand, in more urbanized countries, if services were fully funded by government, the likelihood of that country having poor coverage is reduced to 0%. Countries classified under this node were UK (Wales), The Netherlands, Taiwan, Sweden, and Norway.
Where there are a lower proportion of children with access to low vision devices and only monodisciplinary care, the proportion of countries with poor coverage is 68.8%. Sri Lanka, Laos, South Africa, Bahrain, and Argentina are examples of countries in this category.
Nodes 7, 3, and 9 have been displayed by the CART as missing nodes. Unlike logistic regression, where variables with missing data are excluded from the analysis, the CART model groups missing data with the predictor or category it is most similar or highly related to and displays them as surrogate nodes. Therefore, in this instance, the CART tree indicates that countries in node 7 all have poor coverage and these countries are related to the proportion of children obtaining devices when prescribed and the predictor monodisciplinary versus multidisciplinary care. Examples of countries under node 7 are Tunisia, Namibia, Liberia, Gabon, and East Timor.
Node 8 shows that the proportion of countries with poor coverage is related to countries having Յ3 rehabilitation workers per 10 million and the proportion of children obtaining devices when prescribed. Benin, Armenia, Cambodia, Ghana, and Cameroon were some of the countries here, while the Czech Republic, Germany, Cook Islands, and Haiti were a few examples of countries under node 9 where the proportion of countries with poor coverage is related to an unknown number of rehabilitation workers.
Finally, cross validation analysis indicated that the predictive performance of this CART model was 90.1% with a sensitivity of 93.1% and specificity of 80.0%. This implies that very few countries have been incorrectly classified in their respective categories of coverage.
DISCUSSION
This study identified the six most important critical success factors (CSF) associated with coverage of low vision services using a statistical technique that overcomes the issue of missing data common in postal surveys.
Six CSF were identified and a theme/topic can be identified from each level of the CART diagram when viewed horizontally: level one is an indication of an effective and comprehensive service; level two is about service provision, i.e., distribution of services, type of care, and human resources; and level three is about funding, that is, public and private sources (Fig. 1) .
Level one shows the most important predictor -proportion of children obtaining devices when prescribed. Historically, services in many countries were established by charities and philanthropists intended for children and schools for the blind. 23 The focus in many countries today is still on children and education. 13 It could be speculated that if services are predominately available for children, then adults may not necessarily have access to appropriate and available services. On another point, this predictor also highlights the importance of obtaining low vision devices. There are several factors which can impact on people's access to devices. These include cost, lack of awareness, devices being too difficult to use, and not enough training opportunities. 2 At level two, each of the three predictors is interrelated and of equal importance. The percentage of population urbanized implies the importance of the availability of services in both urban and rural areas. In less urbanized countries, the likelihood of having poor coverage is high. Not surprisingly, the survey showed that rural dwellers were one of the groups of people less likely to access low vision services. 2 With the factor monodisciplinary versus multidisciplinary, recent studies have demonstrated multidisciplinary low vision care to be effective. 24 -26 This also shows that services needs to be able to address multiple needs of the low vision client. For example, Stelmack et al. 25 conducted a multi-center randomized clinical trial that found a combination of the following interventions: clinical low vision care, provision and education in the use of low vision devices, and rehabilitation in the activities of daily living, showed significant improvements in all aspects of visual function for clients with macular diseases. These findings concur with that of Lamoureux et al., 26 who also found that a multidisciplinary low vision rehabilitation program resulted in significant improvements in the overall quality of life of the individual. The number of rehabilitation workers points toward the resources available to provide multidisciplinary care particularly at the primary care level. Primary low vision care in turn could also address another challenge facing the low vision population which is waiting times and distribution of services between rural and urban regions, this is related to the predictor percentage of population urbanized.
At level three, the percentage of private expenditure on health includes non-government organizations (NGO) funding and, as it was shown to be on the same level as being fully funded by government, it signifies that private funding is also needed along with being funded by government. The CART output indicated that countries with higher private funding (compared to government expenditure) can lead to poor coverage. Interestingly, having little private funding also seems to lead to poor coverage, suggesting that NGO support is still essential. Indeed studies on other areas of health have suggested that relying on complete government interventions to achieve universal health coverage has often proved unsuccessful. [27] [28] [29] It is clear that both public and private funding sources are required.
The issues above emphasize the importance of achieving financial sustainability in the provision of low vision services. Practical and realistic strategies are required. Although government funding are given high importance, the feasibility of this is often dependent on the socioeconomic status of the country. 30 Also, governments are increasingly faced with demands from other competing health priorities and often have limited resources. 30 An example of data dredging was demonstrated in the early stages of the analysis. The results revealed that having national referral guidelines for low vision services and standards of practice guidelines for low vision services had a negative impact on coverage. The other implication of this, aside from data dredging, is that it may not be enough to only have guidelines and policies in place. Similarly, signing the Vision 2020 declaration alone may not result in action without a functioning Vision 2020 national committee to implement the strategies. Other components are required to follow through with the policy. For instance, sufficient numbers of human resources and funding are also needed to deliver services. This example also emphasizes that there should always be efforts made to minimize the risks of data dredging in future studies using the CART methodology.
The application of the CART proved to be advantageous for this type of research, which included explaining complex non-linear relationships and maximized the use of the data available. Furthermore, past studies 7, 19, 31 have reported overall predictive performances ranging from 51-77%, making the predictive performance score of 90.1% in this research an excellent value supporting this technique.
The two major limitations of using this method is that the approach is not well known, and its application to ophthalmology and to eye care delivery is relatively novel. The literature search revealed that only two studies 32, 33 in the area of clinical ophthalmology have been published, but none in the area of delivery of eye care services. Possible reasons for the infrequent use of CART may be because traditionally health service outcomes are often dichotomous, thus traditional regression modeling methods such as logistic regression have been sufficient to determine the average effect of an independent variable on a dependent variable. 34 Notwithstanding, there can be wide-ranging implications for the application of the CART in the monitoring and evaluation of low vision service delivery under various settings and contexts. For instance, the CART methodology can be applied to identify the critical success factors specific to a country and the information used to develop national low vision frameworks that will guide referral systems and standards of practice. The CART may also be used to identify groups of people most at risk of not accessing low vision services and/or to investigate predictors of barriers that deter people from using services.
CONCLUSIONS
This study identified the most important predictors related to better low vision coverage. These are related to providing comprehensive care, distribution and provision of multidisciplinary services, sufficient human resources, and sustainable funding.
The CART statistical technique provided a better analysis of survey-related research than the more traditional methods such as logistic regression. The CART is a novel way to explore the relationships between the critical factors with the outcome of low vision coverage.
